The successful implementation of spherical aberration correction in the scanning transmission electron microscope (STEM) is one of the most significant accomplishments in electron optics in the last few decades. Correction of magnetic lens aberrations to the third order has led to significant improvements in point resolution and signal-to-noise ratio, expanding the range of accessible lattice spacings into the sub-Ångstrom regime [1] . The greatly reduced depth of field of the aberrationcorrected STEM probes has also enabled three-dimensional imaging by optical sectioning [2]. Fig. 1 shows a 3D rendered STEM data set of a (Pt, Au)/TiO 2 catalyst sample. The data has been acquired using a VG Microscopes HB603U STEM at ORNL. The metal particles appear elongated in the depth direction, reflecting the defocus spread of the STEM probe. Deconvolution techniques similar to those used in confocal optical microscopy can help achieve closer correspondence with the real structure of the material [2].
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Assume that the image formation is modeled as a 3D convolution
, where i is the 3D stack of 2D recorded images (see Fig. 2 for illustration), o is the 3D unknown observed object, h is the 3D point spread function (PSF), n is the noise, and denotes the 3D convolution operator. Blind reconstruction or deconvolution, is the process of restoring an observed image without explicit knowledge of the imaging system's PSF. Images produced from an imaging system, for example confocal laser scanning or widefield optical microscope, are noisy and invariably blurred. For robust scientific interpretation and analysis of a typical image obtained in this way, it is essential to retrieve the object function via deconvolution. While in the case of STEM PSF can be easily generated from probe parameters, phenomena such as beam broadening and channeling can alter the effective PSF thus rendering direct approach unusable or imprecise.
In this paper, we discuss improving 3D reconstruction from STEM data. Since 3D blind deconvolution is an ill-posed inverse problem, most modern deconvolution methods use regularization in order to avoid an uncontrolled amplification of the noise. The regularization that is commonly used in 3D deconvolution is the classical Tikhonov regularization, which is quadratic and thus tends to oversmooth edges [3] . Taxt [4] implemented homomorphic deconvolution in 3D for ultrasound images by applying Wiener filtering, while Ferko et al. [5] developed an empirical, nonlinear axial distortion correction function based on 3D image stacks of fluorescent microspheres of known dimensions. Recently a different approach to 3D blind convolution has been proposed for adaptive-optics corrected images [3] . Following the Bayesian Maximum A Posteriori approach, the deconvolution problem can be stated as searching for the most likely object given the observed image and prior information on the object, which is summarized by a probability density. 
